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ABSTRACT  
   
Vehicle type choice is a significant determinant of fuel consumption and energy 
sustainability; larger, heavier vehicles consume more fuel, and expel twice as many pollutants, 
than their smaller, lighter counterparts. Over the course of the past few decades, vehicle type 
choice has seen a vast shift, due to many households making more trips in larger vehicles with 
lower fuel economy. During the 1990s, SUVs were the fastest growing segment of the automotive 
industry, comprising 7% of the total light vehicle market in 1990, and 25% in 2005. More recently, 
due to rising oil prices, greater awareness to environmental sensitivity, the desire to reduce 
dependence on foreign oil, and the availability of new vehicle technologies, many households are 
considering the use of newer vehicles with better fuel economy, such as hybrids and electric 
vehicles, over the use of the SUV or low fuel economy vehicles they may already own. The goal 
of this research is to examine how vehicle miles traveled, fuel consumption and emissions may 
be reduced through shifts in vehicle type choice behavior. Using the 2009 National Household 
Travel Survey data it is possible to develop a model to estimate household travel demand and 
total fuel consumption. If given a vehicle choice shift scenario, using the model it would be 
possible to calculate the potential fuel consumption savings that would result from such a shift. In 
this way, it is possible to estimate fuel consumption reductions that would take place under a wide 
variety of scenarios. 
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CHAPTER 1 
INTRODUCTION 
Vehicle Type Choice 
Vehicle type choice, vehicle fleet composition, vehicle fuel economy, vehicle age and 
other vehicle characteristics are significant determinants of household vehicle miles traveled 
(VMT), fuel consumption and energy sustainability. Larger, heavier and older vehicles, on 
average, consume more fuel, and expel more pollutants per mile, than their smaller, lighter and 
newer counterparts. Newer vehicles also tend to get better fuel-economy than older vehicles of 
the same classification. These stark differences between vehicles are due, mainly, to vehicle 
design and technology improvements such as catalytic converters, materials and increased fuel 
economy. However, emissions may increase as a vehicle ages due to aging and degradation of 
engine and pollution control devices (Yan et al, 2001). 
According to the Oak Ridge National Laboratory (1999) (ORNL), over the course of the 
past few decades, vehicle type choice and vehicle fleet composition have seen a significant shift. 
This shift is due to many households choosing to include larger vehicles in their household 
vehicle fleet and making a greater proportion of household trips in these larger vehicles with lower 
fuel economy. Vehicles of this type have become popular for many reasons.  For example, they 
usually provide more cargo room for hauling people, groceries or other goods, sit drivers and 
passengers up higher, providing a better field of view, and tend to make passengers and drivers 
feel safer as they drive. During the 1990s, large vehicles such as sport utility vehicles (SUV) were 
the fastest growing segment of the automotive industry, comprising 7% of the total light vehicle 
market in 1990, 19% in 1999 (ORNL, 1999), and over 25% by 2005 (Heavenrich, 2005). 
Heavenrich (2005) of the US Environmental Protection Agency (US EPA), concluded that in 2002 
the market share of light-duty trucks, which includes SUVs, vans and pickup trucks with less than 
8,500 pounds gross vehicle weight, was nearly 50%. As expected, if the light duty truck market 
segment increases, others should decrease; from 1975 to 2005 the new passenger car market 
segment dropped by over 30%, even though these vehicles get better gas mileage than light-duty 
trucks. These changes in market share for each vehicle type can be seen in Figure 1. More 
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recently, from around 2007 to the present, due to rising oil prices, greater awareness to 
environmental sensitivity, the desire to reduce dependence on foreign oil, and the availability of 
new vehicle technologies, many households are considering the use of newer vehicles with better 
fuel economy, such as hybrids and electric cars, over the use of the SUV, truck, van or older 
vehicles they may already own. 
According to Choo & Mokhtarian (2004), the US is an extremely motorized or vehicle 
dependent culture. As such, each year millions of new vehicles are sold throughout the country. 
Households determine what make, model, type and vintage of vehicles to keep in their household 
vehicle fleet depending on their preferences, needs and budget constraints. Different types of 
vehicles have been popular during different eras in history. In the mid 1970s smaller compact 
vehicles were very popular, and then minivans during the 1980s. As mentioned previously, SUVs 
picked up popularity during the 1990s (Heavenrich, 2005), and today, because of the concerns 
listed previously, smaller, hybrid and electric cars, which, in general, have better fuel economy, 
are growing in popularity. 
 
 
Figure 1. Market share by vehicle type (three-year moving average) (Heavenrich, 2005) 
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Research Questions, Objectives, and Hypotheses 
VMT and fuel consumption have become an increasingly popular topic due to increasing 
traffic congestion, sustainability and environmental concerns.  Therefore, which characteristics, 
household, vehicular or otherwise, affect or influence the total distance a household will drive 
their private vehicle fleet?  Since older vehicles usually cost more to operate and maintain, will 
households tend to drive their older vehicles less?  Hybrid vehicles tend to get better gas mileage 
than non-hybrid vehicles; does this mean that households that keep hybrid vehicles in their 
household vehicle fleet will tend to drive more than households with non-hybrid vehicles? 
The objective of this work is to examine household, person and vehicular characteristics 
to determine which characteristics significantly influence the distance households drive their 
private vehicles, and if by improving or otherwise changing those characteristics, is it possible to 
significantly lower household fuel consumption.  It was hypothesized that many characteristics 
that influence operation and maintenance costs, such as vehicle age, fuel economy and vehicle 
type, would significantly affect household VMT and fuel consumption because of household 
budget constraints. It was also hypothesized that other characteristics that were closely tied to 
how much money a household could set aside for travel, such as household income and 
household size would also significantly affect VMT and fuel consumption.  There has already 
been a great deal of research done on the topics of which characteristics are significant in 
determining household vehicle holdings, VMT, and fuel consumption.  The following chapter 
reviews some of this research and the corresponding findings. 
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CHAPTER 2 
LITURATURE REVIEW 
Factors Found to Affect VMT and Travel Demand 
Because of all of these economic and energy independence issues related to vehicle 
use, there are many researchers and agencies that have been trying to determine, among other 
things, which factors significantly affect vehicle type choice and holdings, total household VMT 
and fuel consumption. As a result, several factors that affect the distance households drive each 
year, their vehicle fleet holdings, including number of household vehicles, and in turn the amount 
of fuel they consume, have been isolated in previous studies. Peng & Lu (2007), found that one of 
the largest determining factors of vehicular travel demand is urban density; Small & Verhoef 
(2007) also found that the level of urbanization or density of buildings is a significant factor of 
vehicular travel demand. Button et al, (1993) also found that there is a positive correlation 
between vehicle ownership rates and the level of urbanization in an area, but acknowledge that 
this relationship only applies up to some saturation point, after which, vehicle use, vehicle 
ownership, vehicle trip rates and vehicle energy consumption actually decrease. Along with this, 
Paulley, et al. (2006), shows that the more rural an area is, the more dependent residents are on 
personal vehicles, which increases VMT and fuel consumption for those households and areas as 
a whole. Frank & Pivo (1996), Cervero (1994), and Zhang (2004), have all shown that urban 
population density and the probability of using a vehicle have a statistically significant negative 
relationship. Meaning as population density increases, the probability of using a personal vehicle 
decreases. However, Mindali et al, (2004), Kockelman (1997), Schimek (1996), and Miller & 
Ibrahim (1998), support that this relationship is actually insignificant in determining travel demand. 
With increased population density usually comes an increase in quantity of goods and 
services, which Souche (2010) shows is one of the first identifiable factors that affect travel 
demand in an area. As one might imagine, the user cost of a trip, including fuel costs, has a 
negative effect on travel demand (Souche, 2010; McFadden, 1974; Dargay, 2007; Goodwin, 
Dargay & Hanly, 2004; Graham & Glaister, 2002); as this price increases, personal vehicle travel 
demand decreases. Another commonly accepted factor affecting travel demand is household 
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income level; as income increases travel demand also increases (Ortúzar & Willumsen, 2006; 
Giuliano & Dargay, 2006; Schmöcker et al, 2005; Dargay & Hanly, 2002; Bresson et al, 2003). 
This brings up the concept of a travel time budget (TTB). This concept, developed by Zahavi, 
(1973) and Roth & Zahavi, (1981), is that “on average, humans spend a fixed amount of their 
daily time budget travelling.” Typically, on a per traveler level, the TTB is higher for lower income 
levels, meaning that lower income households would be willing to spend more time (not money) 
traveling to the same destination than a higher income household would. 
Type of activity or trip purpose has also been shown to significantly affect the distance 
people travel (Small & Verhoef, 2007; Gärling et al, 2000; Loukopoulos et al, 2006). Other factors 
that have been found to influence the amount people travel are the present amount of congestion 
(Su, 2010), gender (Giuliano & Dargay, 2006; Páez et al, 2006; Mercado & Páez, 2009), age 
(Giuliano & Dargay, 2006; Páez et al, 2006; Schmöcker et al, 2005), access to private vehicles 
(Giuliano & Dargay, 2006), trip length (Schuitema et al, 2007), education level (Stern, 1993), 
marital status (Stern, 1993), whether the person has a valid driver’s license (Schmöcker et al, 
2005; Mercado & Páez, 2009), worker status and household size (Mercado & Páez, 2009). 
Besides all of these more physical or background factors, Hunecke et al, (2007) suggest that 
psychological factors and perceptions may tend to be more significant when determining the 
amount and mode of travel people pursue.  
Still, there are more studies, which have focused on factors affecting vehicle type choice 
(see Beggs & Cardell, 1980; Berkovec & Rust, 1985; Choo & Mokhtarian, 2004). These studies 
have also shown that sociodemographic factors, as well as attitudes, personality and lifestyle, 
mainly determine vehicle type choices. Number of children, age, household income, gender, 
home ownership, household size, education, and number of vehicles are significant when trying 
to determine what type of vehicles a household will own (Bhat et al, 2009; Cao et al, 2006). Some 
other studies have identified more vehicle attributes like purchase price, operating cost, fuel 
economy, vehicle performance and even the external dimensions of a vehicle as factors which 
affect household vehicle type holdings (see Lave & Train, 1979; Golob et al, 1997; Mohammadian 
& Miller, 2003; Manski & Sherman, 1980; Mannering & Winston, 1985). 
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Evolution of Household VMT and Fuel Consumption in the United States 
According to the Federal Highway Administration (2002) (FHWA), from 1950 to the year 
2000 the average household VMT in the US nearly tripled to 66 miles a day. The FHWA (2002) 
also shows that in the past 40 years travel demand has been increasing consistently. From 1961 
to 1991 VMT increased 2.4% a year; from 1991 to 2001 VMT increased 3.0% a year, while the 
actual number of vehicles on roadways during the same time period only increased by 0.8%. 
Finally, from 2001 to 2005, VMT increased by 4.0% annually (Su, 2010). That amounts to a 300% 
increase in household VMT from 1977 to 2001, even though population only increased 30% for 
the same time period (Polzin & Chu, 2004). The 2001 and 2009 National Household Travel 
Survey (NHTS) data shows that 92% of households in the United States own at least one vehicle 
(FHWA, 2001; FHWA, 2009). That’s a 12% increase from the early 1970s (Pucher & Renne, 
2003). 
Vehicle fuel economy has been such a major area of interest in the US because it is 
directly related to national energy security. In 2011 the United States was the number one 
consumer of oil in the world according the US Energy Information Administration (2011) (US EIA). 
The United States uses oil products for purposes from passenger travel and freight to road 
construction and producing heat (Grist.org, 2010). Figure 2 Shows a breakdown of how the 
United States uses the oil it consumes. In 2005 light duty vehicles accounted for about 40% of oil 
consumption in the United States, most of which was imported from other countries (Heavenrich, 
2005). According to the US Energy Information Administration (2013), vehicle fuel economy is 
also of great interest when oil and gasoline prices rise, as has been the case in the last decade 
with gasoline prices rising from an average of $1.31 a gallon in 2002 to $3.56 a gallon in 2012 
(US EIA, 2012). That amounts to an annual increase of over 10.5% a gallon. Fuel economy is 
also directly related to emissions of greenhouse gases (GHG) and other pollutants into the 
atmosphere. According to Heavenrich (2005), in 2005 light-duty vehicles contributed 20% of the 
total US carbon dioxide emissions. 
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Figure 2. US oil use breakdown (data from 2000) (Grist.org, 2010) 
 
Corporate Average Fuel Economy 
Government regulation has also driven the need to develop new vehicle technologies and 
increase the fuel economy of newly manufactured vehicles, and to encourage their use in the 
United States by enacting what is known as the Corporate Average Fuel Economy (CAFE) 
standards. According to Shiau et al, (2009), CAFE standards are designed to regulate the 
average fuel economy of new vehicles sold in the United States by each vehicle manufacturer. 
Those who do not attain this fleet-wide standard are monetarily penalized. These standards came 
about due to the 1973 oil crisis, when oil prices grew and raised concern about the inefficiency of 
the vehicles of the time. The Energy Policy and Conservation Act (EPCA) of 1975 established the 
CAFE standards for cars and light trucks (US Congress, 1975). According to the US 
Environmental Protection Agency, since the enactment of the CAFE standards, fuel economy has 
gone through a few distinct phases (Heavenrich, 2005). From 1975 until the mid-1980s there was 
a rapid increase in vehicle fuel-economy. This changed to a gradual increase into the late 1980s, 
which later became a slight decrease into the mid-1990s. From there, until more recent years, 
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fuel economy has remained quite constant. These phases can be seen in Figure 3. Much of these 
shifts in fuel economy have to do with the change in vehicle weight and horsepower. The more 
recent performance improvements have been offset by these increases in power and weight, 
therefore keeping average fuel-economy somewhat constant (Millard-Ball & Schipper, 2011). 
Some of these characteristic changes can be seen in Table 1, which shows some changes in 
vehicle characteristics for three model years. This table also shows the increase in market share 
of light-duty trucks over the years. 
 
 
Figure 3. Adjusted fuel economy by model year (three-year moving average) (Heavenrich, 2005) 
 
Table 1. Characteristics of light-duty vehicles for three model years (Heavenrich, 2005) 
  1975 1987 2005 
Adjusted Fuel 
Economy 13.1 22.1 21 
Weight (lbs) 4,060 3,220 4,089 
Horsepower 137 118 212 
0-to-60 Time (sec) 14.1 13.1 9.9 
Percent Truck 19% 28% 50% 
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Enforcing the CAFE standards is the responsibility of the US Environmental Protection 
Agency (2007) and the Department of Transportation (DOT) National Highway Traffic Safety 
Administration (2006) (NHTSA). These responsibilities are divided in such a way that the US EPA 
is responsible for creating testing procedures for measuring fuel economy, and calculating the 
corresponding CAFE for each manufacturer and the NHTSA is responsible for changing or 
amending and enforcing the current standards (US EPA, 2007). This includes determining the 
financial penalties for not achieving the current CAFE standards (Shiau et al, 2009).  
According to Plourde & Bardis (1999), there are two strategies that have been used by 
vehicle manufacturers to minimize the penalties paid for not complying with the CAFE standards. 
The first of these is to adjust the price of each vehicle model, making the smaller, vehicles with 
better fuel economy more appealing, as to sell a larger quantity of them to offset the effect of 
larger vehicles in their fleet line. The second strategy is for the manufacturer to actually improve 
its vehicle fleet to raise the overall fuel economy of the vehicles it produces. Price adjustments 
have been known to be good short-term solutions, while vehicle efficiency improvements are the 
dominant strategy for compliance, even though this option can be very expensive (Stucker et al, 
1977; Kwoka, Jr., 1983; Kleit, 1988; Greene, 1991; Falvey et al, 1986). In 1978 the initial penalty 
for CAFE noncompliance was set at $50 per mpg per vehicle sold and is currently at $55 per mpg 
per vehicle sold (Shiau et al, 2009). The total penalties that have been collected due to violations 
of the standards reached $745 million in 2007 (this figure has not been adjusted for inflation) 
(NHTSA, 2007). According to Shiau et al, (2009), it is mainly only European vehicle 
manufacturers that have had to pay these fines while Japanese manufacturers are regularly 
above the standards. 
According to Shiau et al, (2009), the original CAFE standard was set at 18mpg. In April 
2009 the NHTSA announced that it would be raising the CAFE standard for 2011 to a combined 
total of 27.3mpg for passenger cars and light duty trucks. According to the NHTSA (2011), for 
model year (MY) 2011 this increase amounts to a projected fuel savings of 887 million gallons 
over the lifetimes of the 2011 vehicles. Later on that year, President Obama announced a higher 
standard, which would bring the combined CAFE standard to 35.5mpg for passenger cars and 
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light trucks by 2016. Su (2011) states that this regulatory program would not only call for more 
strict regulation of personal vehicle emissions standards, but also a 9-23% improvement in semi-
truck fuel economy (depending on the class). According to the NHTSA (2012), in August 2012 the 
Obama administration finalized new standards for MY 2025 vehicles that would nearly double the 
current fuel economy standards. This new standard would bring the average fuel economy of new 
cars and light trucks to an average of 54.5 mpg. This standard, along with the previous standards 
set forth by this administration, is projected to save consumers more than $1.7 trillion in fuel costs 
($8,000 over the lifetime of the vehicle by 2025) and reduce US oil consumption by 12 billion 
barrels for the same time period. After the release of the new standards, 13 of the major 
automakers, including Ford, GM, Chrysler, BMW and Honda, which account for over 90% of 
vehicles sold in the US, announced their support for the new standards. These kinds of vehicular 
performance improvements will help reduce greenhouse gas emissions and emissions that can 
lead to the formation of smog and respiratory health effects due to vehicle use and particulate 
matter. It is projected that by 2025 GHG emissions from cars and light trucks will be cut in half, 
reducing these emissions by 6 billion metric tons over the life of the program. Continued 
improvements in CAFE standards have been projected to reduce oil consumption by 20-40 billion 
gallons a year, reduce vehicle operating costs by $30-$70 billion a year and reduce GHG 
emissions by 60-130 tons by 2020 (Bezdek & Wendling, 2005).  
Even with all of these projected savings in fuel consumption, there are opponents to the 
CAFE standards, such as Kleit, who believe that the standards are counterproductive because 
they reduce operating costs, which in turn does not require or entice drivers to drive less (Shiau 
et al, 2009). According to a study by Kleit (1990), an 11-cent increase in the gasoline tax could 
save as much fuel as a 3mpg increase in fuel economy standards.  Austin & Dinan (2005), also 
contend that a higher gasoline tax would produce larger fuel savings than fuel economy 
improvements because it would encourage motorists to drive less and to purchase vehicles with 
higher fuel economy. However, Goldberg (1998) found that only a gas tax increase of 80 cents 
per gallon could create the same fuel consumption savings as CAFE standards have.  
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New Vehicle Technologies 
New vehicle technologies like hybrid and electric vehicles (EV), which can help to 
improve vehicle fuel economy, are also growing in popularity, especially with the release of the 
Toyota Prius, Chevy Volt and Nissan Leaf (Daziano & Chiew, 2012). From 2002 to 2009 the 
market share of these vehicles grew steadily from less than 0.5% to just under 3.0% (Lebeau et 
al, 2012). President Obama has called for half of all cars purchased by the United States Federal 
Government to be plug-in hybrid electric vehicles (PHEV) by this past year 2012 and to have a 
million PHEV on the road by 2015 (He et al, 2012). According to the Mintel Research Group 
(2012), sales of hybrid and electric vehicles are estimated to exceed 470,000 units in 2012 and 
represent 3.3% of all vehicles sold. That is an increase of 64% over last year. Mintel forecasts 
that by 2017 hybrid and EV sales will exceed 850,000 units and represent 5% of the total US 
market. Midsized hybrids are the fastest growing hybrid segment, while SUV and truck hybrids 
are struggling to meet consumer requirements for power. 
As mentioned, hybrid and electric vehicles are growing in popularity, but they have still 
not been able to gain a very significant market share of new vehicle sales. This is due to several 
reasons, but some of the more notable ones are that many households are hesitant to purchase 
these kinds of vehicles because of concerns about battery life, having a limited driving range (can 
be limited to only 60-120 miles (Lebeau et al, 2012)) being able to recharge their vehicle away 
from home and uncertainty about the reliability of the technology (Mintel Research Group, 2012). 
But probably the most critical factor for households when determining whether to purchase a 
hybrid, EV or a conventional gasoline car is vehicle cost. According to Lebeau et al, (2012), on 
average hybrid and EVs cost anywhere from $10,000-$20,000 more than their conventional, 
gasoline-fueled, counterparts. Although driving a hybrid or EV will ultimately save consumers 
money in the long run, it appears that many households are still unwilling to put the extra cost up 
front. 
How have all of these vehicle efficiency standards and vehicle improvements over the 
years affected the amount people travel and fuel they consume? With the introduction of new 
vehicle technologies and improvements in vehicle performance and efficiency comes an increase 
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in travel demand. For example, according to the 2009 National Household Travel Survey (FHWA, 
2009) data set, new vehicles, which include hybrids and alternative fuel vehicles, get about 5 
miles more per gallon than vehicles that are 10 years old or older (single vehicle households 
only). On average these new vehicles are driven almost 4,000 miles more and consume over 100 
gallons of gasoline more than these older vehicles each year. In April 2010 the US Energy 
Information Administration was projecting an annual VMT growth of 1.7% from 2008 to 2035 
(Millard-Ball & Schipper, 2011). According to Ewing et al,(2008), it is projected that over the next 
24 years, with a continual increase in VMT, carbon emissions will stay constant because of new 
vehicle technologies. According to the US EIA (2007) annual average real gasoline prices for 
2008 and 1980 are almost identical, yet VMT in 2008 was 95% higher than in 1980, even though 
the FHWA (2011) says the number of vehicles on the road only increased by 54%. According to 
Davis et al, (2008), in 2007 the total petroleum consumed by the transportation sector was more 
than the total domestic production of petroleum. In 2008 personal vehicle use was estimated to 
account for 17% of the US energy consumption and 20% of C02 emissions.  
 
Increases in Travel Demand 
It is safe to say that travel demand has been increasing, but why? It has been recognized 
that as vehicle fuel-economy increases, the cost of travel decreases and, as a result of this lower 
cost, drivers tend to actually travel more than they would have if travel costs had remained 
constant (Su, 2010). This phenomenon, known as induced travel demand or the rebound effect, 
has been studied by many researchers (see Greene, 1992; Hensher et al, 1992; Jones, 1993; 
Haughton & Sarkar, 1996; Schimek, 1996; Goldberg, 1998; Pickrell & Schimek, 1999; Greene et 
al, 1999, West, 2004; Small & Van Dender, 2007; Hymel et al, 2010). 
Traffic congestion is a phenomenon with which so many around the world are very 
familiar. As one more user with a private vehicle enters the transportation network, or as drivers 
enter the network more frequently or for longer periods of time, congestion worsens, and 
increases travel costs and travel time (Kitamura et al, 1999). According to Su, (2010), increased 
congestion, which is an inevitable byproduct of higher travel demand, plays a role in 
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counteracting induced travel demand and actually reducing travel demand because it increases 
travel time and wasted fuel or travel costs in general. These effects therefore tend to offset, at 
least to some degree, the savings realized by increased fuel economy. Su (2010) and Hymel et 
al, (2010) concur that congestion has a negative effect on VMT per capita and increases 
household fuel consumption. 
 
Travel Demand Saturation Point 
Gains in vehicle fuel economy, however, do not necessarily mean people are going to 
start traveling 24-7 just because they can. Millard-Ball & Schipper (2011), suggest that there is 
evidence that travel demand can reach some saturation level or plateau. The fact that light-duty 
vehicles continue to increase fuel economy every year does not mean that they will continually 
induce more and more travel. For example, just because a household purchases a new vehicle 
that gets three or four times better fuel economy than their old vehicle, does not necessarily mean 
that they will travel a significant amount more than they previously have. Basic travel theory 
suggests that there is some saturation point for travel, or a point after which a household will 
generally not travel more, regardless of vehicle improvements or changes in household 
characteristics. This is further supported by the fact that travel time expenditures have remained 
constant, at about 1.1 hours per person per day, for some time (Schafer & Victor, 2000). 
Therefore, unless travel speeds increase, which is unlikely to occur, no matter what kind of 
vehicle is being used, without regard to its performance or characteristics, travelers will eventually 
reach some maximum level of travel demand. 
 
Travel Demand Mitigation 
One solution that has been developed to reduce travel demand is what is known as travel 
demand management or TDM measures (Eriksson et al, 2010). As explained by Steg & Vlek 
(1997), these measures can be split into two general categories. The first category is composed 
of what are called “push” measures, which work to make driving a personal vehicle less favorable 
than other modes. Examples of these kinds of push measures would include an increased 
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gasoline tax or congestion pricing. The other category of TDM measures is comprised of “pull” 
measures. These are designed to improve the appeal of alternate modes of transportation. 
Examples of these measures might be increased frequency of public transportation services or a 
decrease in fare or travel time. It has been shown that, in the short term, a 10% increase in fuel 
price, a push measure, will result in a 1-3% decrease in personal vehicle use (Dargay, 2007; 
Goodwin et al, 2004; Graham & Glaister, (2002)). In the long run, these studies have shown 
results to be slightly larger. It has also been shown that push measures tend to have greater 
impacts on mode choice than pull measures since these tend to increase the cost of driving a 
personal vehicle instead of enticing one to choose an alternative mode (Espino et al, 2007; 
O'Fallon et al, 2004). Marshall & Banister (2000), found that implementing a combination of both 
push and pull TDM measures will be more effective, resulting in a larger shift from personal 
vehicles, than the combined shift of implementing each measure individually. Schuitema et al, 
(2007), found that as TDM measures are implemented in an area, short vehicular trips were 
replaced by bicycle and walking modes, and as fare prices decreased, longer vehicular trips were 
replaced by train or bus modes, thus showing that travelers are able to learn and adapt when 
these kinds of measures are implemented. 
 
Environmental Concerns Related to Traditional Vehicle Use 
There are many environmental concerns related to increasing travel demand and 
congestion, which have recently made the idea of reducing gasoline consumption a major issue 
of discussion. In 2005 congestion alone was estimated to cause 4.2 billion hours of travel delay, 
2.9 billion gallons of wasted fuel with a cost of over $78 billion (Schrank & Lomax, 2007). Ahn & 
Rakha (2008) cite a recent study that shows that hours of traffic delay from 1982 to 2003 
increased 528%. This amounts to 16-47 hours more delay per driver. All of this added delay and 
wasted fuel amounts to significant increases in the concentration of potentially harmful pollutants. 
According to the US EPA (2012c), there are over 1,000 different compounds that are emitted by 
mobile sources or vehicles that have been found or are supposed to be carcinogenic or cause 
other harmful environmental and human health impacts. Humans are exposed to these harmful 
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effects by breathing in contaminated air, ingesting contaminated food, liquid or other particles, or 
even by touching contaminated materials. Some of these more notable compounds include 
carbon dioxide (CO2), methane (CH4), sulfur oxides (SOX), particulate matter less than 10 
microns but more than 2.5 microns (PM10), particulate matter of 2.5 microns or less (PM2.5), 
carbon monoxide (CO), volatile organic compounds (VOC) and nitrous oxides (NOX). The US 
EPA (2012) generally categorizes these compounds into three groups: greenhouse gas forming 
agents, smog or ozone (O3) forming agents and particulate matter (PM). Some of these 
pollutants, such as CH4 and NOX, can be included in more than one effect category. 
According to Cao et al, (2006), air pollution, including GHG and other emissions, and 
foreign oil dependence are of great concern to the United States. Much of this concern has to do 
with the increased auto ownership of light duty trucks such as pickup trucks and SUVs. Cao et al, 
(2006) give the example of a pickup truck such as the Ford F150, which consumes 35% more 
gasoline per mile, on average, than a passenger car such as the Ford Taurus. The F150 also 
produces 30% more GHG and 200% more of other air pollutants. This, coupled with the fact that 
light duty truck owners, on average, drive more miles than passenger car owners only 
compounds the quantity of air pollutants that are emitted by these mobile sources. Suburban 
development has been criticized for contributing to the high rates of fuel consumption and air 
pollution because those who live in the suburbs have longer average trip lengths and are 
excessively dependent on personal vehicles for transportation. In a study by Chester, et al. 
(2012) of potential environmental impact of transit oriented development (TOD) along the Metro 
light rail line in the Phoenix Metropolitan Area, it was found that households that live on the fringe 
or sprawling region in that area, on average, travel over 20 miles more a day than households 
who reside more toward the center of the city, even though their trip rates are approximately the 
same. Smart growth planning has been proposed to help counteract this urban sprawl effect. 
Studies have concluded that multiuse, higher density developments have a propensity to lower 
vehicle ownership rates and trip lengths and increase the use of alternative modes such as transit 
(Cao et al, 2006). Whether this is really the case or the byproduct of self-selection is left up to 
debate. Cao et al, (2006) have also concluded that land use policies and neighborhood 
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characteristics, at least to some degree, play a role in the choice of owning a light duty truck and 
in turn either reducing or increasing related emissions. Kockelman & Zhao (2000) found that, after 
controlling for sociodemographic characteristics, light duty trucks were more often owned by 
households who reside in lower density areas. To reduce light duty truck ownership and use, new 
neighborhoods could include characteristics that are associated with lower light duty truck use, 
and already existing neighborhoods could be modified to include more of these characteristics as 
well (see Cao et al, 2006; Bhat et al, 2009). 
 
Maximizing Fuel Economy 
The US Department of Energy’s (2012) (DOE) Fueleconomy.gov website, gives some 
tips on how to maximize a car’s fuel economy and, in turn, reduce harmful emissions. These tips 
include observing the speed limit, removing excess weight from the vehicle (thus making it 
lighter), avoiding excess idling in traffic or at stop lights, keeping tires properly inflated, the grade 
of motor oil in a vehicle, trip chaining or making multiple trips before returning home for a 
significant period of time and avoiding rush hour traffic. The website also emphasizes that the 
best way to improve fuel-economy is by choosing a more fuel-efficient vehicle. Assuming 15,000 
annual VMT and an average fuel cost of $3.25 per gallon, the difference in gasoline cost between 
driving a 20 mpg and a 30 mpg vehicle is $813 a year. That is a huge savings in fuel cost alone, 
and doesn’t even touch the saving in vehicle emissions and human health impacts.  
 
Summary and Next Steps 
Previous research has shown that there are a myriad of factors that can affect how much 
a household drives their personal vehicles.  From vehicle type holdings, household vehicle count 
and household size to population density and household income, they all seem to play a role. 
However, some factors are obviously going to be more significant than others and there are not 
only one or two main factors that can explain all or most of it.  That is why it is good to understand 
how these different characteristics influence the amount households use their private vehicles, 
and which are better at determining household VMT.  But how can this knowledge be used to 
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help reduce VMT, improve congestion and/or reduce environmental affects due to vehicular 
travel? 
We have discussed the evolution of travel demand, vehicle technology improvements 
and the influence of outside forces such as the government.  With this understanding of 
government regulations and goals, vehicle fuel economy improvements and the idea of peak 
travel or maximum travel demand, this research endeavors to show that by consciously changing 
vehicle characteristics, that are significant in influencing VMT, at a fleet or household level, a 
possible savings in VMT and fuel consumption can result. The question, however, is how vast of 
an impact will these changes actually have, or will they need to be coupled with other methods, 
such as TDMs, to have a significant effect on VMT and fuel consumption.  
Using the 2009 National Household Travel Survey vehicle data set (FHWA, 2009) it is 
possible to calculate a household’s current annual travel demand and fuel consumption. Using 
the NHTS household, person and vehicle data files it is also possible to construct a model to 
predict a household’s total annual travel demand and fuel consumption based on household, 
person and vehicular characteristics or variables such as those mentioned previously in the 
literature review. Then, by changing some or many characteristics of the household or of the 
household’s vehicles, and imposing some travel demand saturation point, it is possible to predict 
total travel demand and fuel consumption based on that particular change or scenario. 
If given a scenario, for example, that all households use the vehicle with the highest fuel 
economy that they currently own for all household trips, using the model, it is possible to calculate 
the potential VMT and fuel consumption savings that would result from such a shift. In this way, it 
is possible to estimate VMT and fuel consumption reductions that would take place under a wide 
variety of scenarios. This analysis will help to understand the energy implications of vehicle type 
choices, vehicle fleet characteristics and vehicle usage patterns. Results from this work can help 
with the formulation of new policies and incentives for different vehicle types with varying 
characteristics. It can also help educate the public about the impacts of their vehicle type choices 
on the environment they live in, those who reside around them and the price they pay to fuel their 
vehicles and be a catalyst to help change behavior for the benefit of all.
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CHAPTER 3 
DATA 
The data that was used for this analysis came from the Federal Highway Administration’s 
2009 National Household Travel Survey data set (FHWA, 2009). The National Household Travel 
Survey is a household survey conducted by the US Department of Transportation Federal 
Highway Administration every five to eight years. The FHWA’s (2009) NHTS website states that 
the survey started back in 1969 as the Nationwide Personal Transportation Survey or NPTS and 
evolved into what is now the NHTS. Surveys were conducted in 1969, 1977, 1983, 1990, 1995, 
2001 and 2009. The website goes on to state that the purpose of the survey is to inventory daily 
travel in the United States. Data is collected on four hierarchical levels, namely household, 
person, vehicle and trip levels, and comprises information on daily trips taken in a 24-hour period. 
The trip or travel data collected includes information such as trip purpose, trip mode, trip travel 
time, time of day, trip day of the week, et cetera. Data is also collected on the household, person 
and vehicle level including household size, number of household workers, household income, age 
of each household member, employment status of each household member, vehicle type, vehicle 
age, vehicle fuel type, et cetera. Those included in the survey are non-institutionalized civilians in 
the United States and are randomly selected. An eligible household excludes telephones in such 
places as motels, prisons, and any living quarters with ten or more unrelated individuals such as 
dormitories. The 2009 survey was conducted from March 2008 to May 2009 and the first public 
release of the sample data occurred in January 2010. 
The NHTS website states that this data is used for various purposes, including 
quantifying travel on a national or regional level, analyzing changes in travel behavior over time, 
or since the previous NHTS data was taken, or to relate travel behavior or characteristics to 
different socioeconomic or demographic characteristics. The data is used by many organizations 
to evaluate transportation programs and policies, isolate mobility issues and to help plan for 
future transportation changes and needs. The national data obtained in the survey serves as a 
benchmark for evaluating travel characteristics or needs at a more local level. The 2009 NHTS 
data includes the kinds of information aforementioned, but does not include information on travel 
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costs, specific travel routes, changes in travel for a household over time because it is purely a 
cross-sectional survey and not a panel survey (meaning the same households are not surveyed 
each time the survey is conducted) or reasoning for choosing one mode over another. 
As mentioned, households are sampled randomly across the United States to participate 
in the survey, and the 2009 data set is comprised of over 150,000 households, over 308,000 
persons and over 309,000 vehicles from around the United States. According to the FHWA’s 
(2009) NHTS website, during the last survey period states and metropolitan planning 
organizations (MPO) had the opportunity to purchase what is known as an “add-on” sample, 
where a certain state or region is specifically sampled more than others. All of these samples are 
then compiled together along with the normal survey sample into the final data set. Weighting of 
the data set helps to take care of the fact that these areas have been oversampled during the 
survey period. 
To get the sample that was used for this research and analysis, households from the 
states of Arizona (AZ), Nevada (NV) and New Mexico (NM) were selected for analysis. The MPO 
Maricopa Association of Governments (MAG) over Maricopa County, Arizona, USA, purchased 
one of the add-on samples for the 2009 survey period, thus the majority of households that were 
included in this analysis reside in the state of Arizona, specifically the Maricopa County Region. 
As noted in the literature review section, there were a number of variables that were 
suspected to contribute to travel demand and fuel consumption. However, the NHTS data set did 
not include all of these variables or had fewer variable categories to choose from. The variables 
which were available were driver count, race/ethnicity, income, household size, home type, MSA 
size, number of adults, number of children, whether household resides in urban or rural area, 
number of household workers, population density, number and type of vehicles, vehicle fuel type 
(including hybrid status), fuel economy, vehicle odometer reading, vehicle age, age of household 
members, number of days worked from home, distance to work, number of household males and 
females and the number of household members that have a medical condition that limits their 
travel. The data set was filtered down even further to only include cases from the vehicle, person 
and household samples that were not missing any data from these variables of interest. Also, 
  20 
only households with one of four vehicle types, namely automobile, van, SUV and pickup truck, 
were selected for analysis. This was done to avoid including vehicles such as recreational vehicle 
and golf cart, which are not very common in the data set, in the final model. Once only these 
cases were selected, the final data set used for analysis was comprised of 4,336 households, 
8,936 persons and 7,753 vehicles. Some of the more notable household, person and vehicle 
descriptive statistics for the final data set are shown in Tables 2-5.  Note that the data set used for 
analysis was unweighted. 
As noted previously, the majority of the data sample came form Arizona, specifically the 
Maricopa County region.  It is interesting to note that the average household size of the data set 
is 0.89 persons smaller than the national average according to the 2010 US Census (US Census, 
2010).  The average household income for the sample size was in line with the national average 
(US Census, 2010). 
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Table 2. Data set descriptive statistics for household level household attributes 
Sample Size: 4,336    
Variable Category 
Percent 
of Total Mean 
Household Size 
 
2.25 
 
1 26.7 
 
 
2 45.6 
 
 
3 11.9 
 
 
4 10.1 
 
 
5 or more 5.6 
     Household Driver Count 
 
1.78 
 
1 33.4 
 
 
2 57.6 
 
 
3 or more 9.0 
     Household Worker Count 
 
0.91 
 
0 37.9 
 
 
1 36.9 
 
 
2 22.3 
 
 
3 or more 2.9 
     Number of Household Adults 
 
1.82 
 
1 28.6 
 
 
2 62.6 
 
 
3 or more 8.8 
 
    Household State 
  
 
AZ 93.7 
 
 
NM 3.1 
 
 
NV 3.2 
     Household Income 
 
±$65,000 
 
Less than $35,000 29.4 
 
 
$35,000-$99,999 52.7 
 
 
$100,000 or more 17.9 
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Table 3. Data set descriptive statistics for household level vehicle variables 
Sample Size: 4,336    
Variable Category 
Percent 
of Total Mean 
Household Vehicle Count 
 
1.79 
 
1 39.6 
 
 
2 45.8 
 
 
3 11.6 
 
 
4 or more 3.0 
     Household Resides in Urban or Rural Area 
  
 
Urban 84.0 
 
 
Rural 16.0 
     Annual Household Vehicle Miles Traveled  
 
18,464 
 
Less than 5,000 15.1 
 
 
5,000-9,999 17.1 
 
 
10,000-14,999 16.5 
 
 
15,000-19,999 13.7 
 
 
20,000-24,999 12.2 
 
 
25,000-29,999 8.2 
 
 
30,000-34,999 5.7 
 
 
35,000-39,999 3.9 
 
 
40,000 or more 7.6 
     Annual Household Gasoline Consumption 
(Gallons)   893 
 
Less than 200 11.0 
 
 
200-399 16.0 
 
 
400-599 13.6 
 
 
600-799 12.7 
 
 
800-999 10.9 
 
 
1,000-1,199 9.3 
 
 
1,200-1,399 7.9 
 
 
1,400 or more 18.6 
     Household Which Own at Least One Hybrid 
Vehicle   
 
 
0 Hybrids 96.2 
 
 
At Least 1 Hybrid 3.8 
  
It is interesting to note that 85% of households in the survey sample have only one or two 
household vehicles.  As noted previously, the majority of the data sample came form Arizona, 
specifically the Maricopa County region.  Many of the people who reside in Maricopa County live 
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within the city; 84% of the households in the survey live in urban areas.  This is consistent with 
what one might expect.  According to the US Department of Transportation (2011) the average 
household VMT for 2009 was almost 20,000 miles, which is almost 1,400 miles less than the 
average household VMT in the data set. 
 
Table 4. Data set descriptive statistics for person level variables 
Sample Size: 8,936    
Variable Category 
Percent 
of Total Mean 
Gender 
   
 
Male 46.1 
 
 
Female 53.9 
     Age 
  
50.12 
 
0-15 12.4 
 
 
16-19 3.4 
 
 
20-29 4.3 
 
 
30-39 9.0 
 
 
40-49 12.9 
 
 
50-59 18.1 
 
 
60-69 18.6 
 
 
70-79 14.3 
 
 
80 or older 7.0 
     Number of People in Household Which 
Have a Condition That Limits Their Driving 
   
 
0 83.6 
 
 
1 15.2 
 
 
2 or more 1.2 
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Table 5. Data set descriptive statistics for vehicle level variables 
Sample Size: 7,753    
Variable Category 
Percent 
of Total Mean 
Vehicle Type 
   
 
Car 52.8 
 
 
Van 8.0 
 
 
SUV 21.6 
 
 
Pickup Truck 17.6 
 
    Vehicle Fuel-Economy 
 
20.56 
 
0-19.99 50.8 
 
 
20-29.99 43.3 
 
 
30-39.99 4.7 
 
 
40 or more 1.2 
 
    Vehicle Age (Years) 
  
8.42 
 
Less than 2 5.9 
 
 
2-3 16.4 
 
 
4-5 17.0 
 
 
6-7 15.4 
 
 
8-9 13.6 
 
 
10 or more 31.7 
 
    Annual Vehicle Miles Traveled 
(Each Vehicle)   10,326.39 
 
Less than 5,000 25.9 
 
 
5,000-9,999 31.1 
 
 
10,000-14,999 22.4 
 
 
15,000-19,999 11.4 
 
 
20,000-24,999 4.9 
 
 
25,000-29,999 2.2 
 
 
30,000 or more 2.1 
 
    Annual Vehicle Gasoline 
Consumption (Gallons)   499.69 
 
Less than 200 18.2 
 
 
200-399 29.3 
 
 
400-599 23.1 
 
 
600-799 13.8 
 
 
800-999 7.3 
 
 
1,000 or more 8.3 
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Table 6. Cross-Tabulation Household VMT VS Household Size 
Household 
VMT (mi) 
 
Household Size 
Total 1 2 3 4 or More 
0-4,999 
Count 417 201 22 12 652 
% within Household Size 36.0% 10.2% 4.2% 1.8% 15.0% 
% of Total 9.6% 4.6% .5% .3% 15.0% 
5,000-9,999 
Count 364 302 39 38 743 
% within Household Size 31.5% 15.3% 7.5% 5.6% 17.1% 
% of Total 8.4% 7.0% .9% .9% 17.1% 
10,000-14,999 
Count 196 384 73 63 716 
% within Household Size 16.9% 19.4% 14.1% 9.2% 16.5% 
% of Total 4.5% 8.9% 1.7% 1.5% 16.5% 
15,000-19,999 
Count 79 364 68 85 596 
% within Household Size 6.8% 18.4% 13.1% 12.5% 13.7% 
% of Total 1.8% 8.4% 1.6% 2.0% 13.7% 
20,000-24,999 
Count 49 283 74 123 529 
% within Household Size 4.2% 14.3% 14.3% 18.0% 12.2% 
% of Total 1.1% 6.5% 1.7% 2.8% 12.2% 
25,000-29999 
Count 23 173 64 96 356 
% within Household Size 2.0% 8.7% 12.4% 14.1% 8.2% 
% of Total .5% 4.0% 1.5% 2.2% 8.2% 
30,000-34,999 
Count 9 112 45 81 247 
% within Household Size .8% 5.7% 8.7% 11.9% 5.7% 
% of Total .2% 2.6% 1.0% 1.9% 5.7% 
35,000-39,999 
Count 4 65 45 57 171 
% within Household Size .3% 3.3% 8.7% 8.4% 3.9% 
% of Total .1% 1.5% 1.0% 1.3% 3.9% 
40,000-44,999 
Count 7 39 27 46 119 
% within Household Size .6% 2.0% 5.2% 6.7% 2.7% 
% of Total .2% .9% .6% 1.1% 2.7% 
45,000-49,999 
Count 3 19 16 26 64 
% within Household Size .3% 1.0% 3.1% 3.8% 1.5% 
% of Total .1% .4% .4% .6% 1.5% 
50000 or More 
Count 6 37 45 55 143 
% within Household Size .5% 1.9% 8.7% 8.1% 3.3% 
% of Total .1% .9% 1.0% 1.3% 3.3% 
Total 
Count 1157 1979 518 682 4336 
% within Household Size 100.0% 100.0% 100.0% 100.0% 100.0% 
% of Total 26.7% 45.6% 11.9% 15.7% 100.0% 
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Table 7. Cross-Tabulation Household VMT VS Household Driver Count 
Household 
VMT (mi)   
Household Driver Count 
Total 1 2 3 or More 
0-4,999 
Count 503 143 4 650 
% within Household Driver Count 34.8% 5.7% 1.0% 15.0% 
% of Total 11.6% 3.3% .1% 15.0% 
5,000-9,999 
Count 435 295 13 743 
% within Household Driver Count 30.1% 11.8% 3.4% 17.1% 
% of Total 10.0% 6.8% .3% 17.1% 
10,000-14,999 
Count 258 434 24 716 
% within Household Driver Count 17.8% 17.4% 6.2% 16.5% 
% of Total 6.0% 10.0% .6% 16.5% 
15,000-19,999 
Count 113 461 22 596 
% within Household Driver Count 7.8% 18.4% 5.7% 13.8% 
% of Total 2.6% 10.6% .5% 13.8% 
20,000-24,999 
Count 64 407 58 529 
% within Household Driver Count 4.4% 16.3% 14.9% 12.2% 
% of Total 1.5% 9.4% 1.3% 12.2% 
25,000-29999 
Count 32 278 46 356 
% within Household Driver Count 2.2% 11.1% 11.9% 8.2% 
% of Total .7% 6.4% 1.1% 8.2% 
30,000-34,999 
Count 13 188 46 247 
% within Household Driver Count .9% 7.5% 11.9% 5.7% 
% of Total .3% 4.3% 1.1% 5.7% 
35,000-39,999 
Count 4 121 46 171 
% within Household Driver Count .3% 4.8% 11.9% 3.9% 
% of Total .1% 2.8% 1.1% 3.9% 
40,000-44,999 
Count 9 68 42 119 
% within Household Driver Count .6% 2.7% 10.8% 2.7% 
% of Total .2% 1.6% 1.0% 2.7% 
45,000-49,999 
Count 3 32 29 64 
% within Household Driver Count .2% 1.3% 7.5% 1.5% 
% of Total .1% .7% .7% 1.5% 
50000 or More 
Count 13 72 58 143 
% within Household Driver Count .9% 2.9% 14.9% 3.3% 
% of Total .3% 1.7% 1.3% 3.3% 
Total 
Count 1447 2499 388 4334 
% within Household Driver Count 100.0% 100.0% 100.0% 100.0% 
% of Total 33.4% 57.7% 9.0% 100.0% 
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Table 8. Cross-Tabulation Household VMT VS Household Vehicle Count 
Household 
VMT (mi)   
Household Vehicle Count 
Total 1 2 3 or More 
0-4,999 
Count 592 56 4 652 
% within Household Vehicle Count 34.5% 2.8% .6% 15.0% 
% of Total 13.7% 1.3% .1% 15.0% 
5,000-9,999 
Count 541 195 7 743 
% within Household Vehicle Count 31.5% 9.8% 1.1% 17.1% 
% of Total 12.5% 4.5% .2% 17.1% 
10,000-14,999 
Count 325 356 35 716 
% within Household Vehicle Count 18.9% 17.9% 5.5% 16.5% 
% of Total 7.5% 8.2% .8% 16.5% 
15,000-19,999 
Count 140 398 58 596 
% within Household Vehicle Count 8.1% 20.1% 9.2% 13.7% 
% of Total 3.2% 9.2% 1.3% 13.7% 
20,000-24,999 
Count 57 366 106 529 
% within Household Vehicle Count 3.3% 18.4% 16.7% 12.2% 
% of Total 1.3% 8.4% 2.4% 12.2% 
25,000-29999 
Count 33 241 82 356 
% within Household Vehicle Count 1.9% 12.1% 13.0% 8.2% 
% of Total .8% 5.6% 1.9% 8.2% 
30,000-34,999 
Count 8 157 82 247 
% within Household Vehicle Count .5% 7.9% 13.0% 5.7% 
% of Total .2% 3.6% 1.9% 5.7% 
35,000-39,999 
Count 6 90 75 171 
% within Household Vehicle Count .3% 4.5% 11.8% 3.9% 
% of Total .1% 2.1% 1.7% 3.9% 
40,000-44,999 
Count 5 53 61 119 
% within Household Vehicle Count .3% 2.7% 9.6% 2.7% 
% of Total .1% 1.2% 1.4% 2.7% 
45,000-49,999 
Count 3 28 33 64 
% within Household Vehicle Count .2% 1.4% 5.2% 1.5% 
% of Total .1% .6% .8% 1.5% 
50000 or More 
Count 8 45 90 143 
% within Household Vehicle Count .5% 2.3% 14.2% 3.3% 
% of Total .2% 1.0% 2.1% 3.3% 
 
Count 1718 1985 633 4336 
% within Household Vehicle Count 100.0% 100.0% 100.0% 100.0% 
% of Total 39.6% 45.8% 14.6% 100.0% 
 
As would be expected, the data shows that a significant percentage of one-person 
households, over 67%, drive less than 10,000 miles a year.  This is in contrast to 71% of 
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households with four or more members driving more than 20,000 miles a year, which is just over 
the 2009 household annual average VMT (FHWA, 2009).  The same kind of trend is seen in the 
relationship of household VMT and the number of household drivers.  Sixty-six percent of single 
vehicle households drive less than 10,000 miles annually, whereas over 83% of households with 
three or more drivers drive over 20,000 miles annually.  This trend also carries over to household 
vehicle count. Almost 65% of single driver households drive less than 10,000 miles annually, 
whereas over 83% of households with three or more drivers drive over 20,000 miles annually.  
This is most likely occurs because larger households tend to have more drivers and household 
vehicles. 
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Table 9. Cross Tabulation Fuel Consumption VS Household Size 
Fuel Consumption 
(gal)   
Household Size 
Total 1 2 3 4 or More 
0-199 Count 330 127 10 10 477 
% within Household Size 28.5% 6.4% 1.9% 1.5% 11.0% 
% of Total 7.6% 2.9% .2% .2% 11.0% 
200-399 Count 378 256 41 19 694 
% within Household Size 32.7% 12.9% 7.9% 2.8% 16.0% 
% of Total 8.7% 5.9% .9% .4% 16.0% 
400-599 Count 197 301 52 40 590 
% within Household Size 17.0% 15.2% 10.0% 5.9% 13.6% 
% of Total 4.5% 6.9% 1.2% .9% 13.6% 
600-799 Count 112 317 57 63 549 
% within Household Size 9.7% 16.0% 11.0% 9.2% 12.7% 
% of Total 2.6% 7.3% 1.3% 1.5% 12.7% 
800-999 Count 51 282 58 83 474 
% within Household Size 4.4% 14.2% 11.2% 12.2% 10.9% 
% of Total 1.2% 6.5% 1.3% 1.9% 10.9% 
1000-1199 Count 27 209 76 92 404 
% within Household Size 2.3% 10.6% 14.7% 13.5% 9.3% 
% of Total .6% 4.8% 1.8% 2.1% 9.3% 
1200-1399 Count 23 173 48 100 344 
% within Household Size 2.0% 8.7% 9.3% 14.7% 7.9% 
% of Total .5% 4.0% 1.1% 2.3% 7.9% 
1400-1599 Count 11 118 39 59 227 
% within Household Size 1.0% 6.0% 7.5% 8.7% 5.2% 
% of Total .3% 2.7% .9% 1.4% 5.2% 
1600-1799 Count 7 69 37 55 168 
% within Household Size .6% 3.5% 7.1% 8.1% 3.9% 
% of Total .2% 1.6% .9% 1.3% 3.9% 
1800-1999 Count 4 37 33 43 117 
% within Household Size .3% 1.9% 6.4% 6.3% 2.7% 
% of Total .1% .9% .8% 1.0% 2.7% 
2000 or More Count 17 90 67 118 292 
% within Household Size 1.5% 4.5% 12.9% 17.3% 6.7% 
% of Total .4% 2.1% 1.5% 2.7% 6.7% 
Total Count 1157 1979 518 682 4336 
% within Household Size 100.0% 100.0% 100.0% 100.0% 100.0% 
% of Total 26.7% 45.6% 11.9% 15.7% 100.0% 
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Table 10. Cross Tabulation Fuel Consumption VS Household Driver Count 
Fuel Consumption 
(gal)   
Household Driver Count 
Total 1 2 3 or More 
0-199 Count 395 78 2 475 
% within Driver Count 27.3% 3.1% .5% 11.0% 
% of Total 9.1% 1.8% .0% 11.0% 
200-399 Count 448 236 10 694 
% within Driver Count 31.0% 9.4% 2.6% 16.0% 
% of Total 10.3% 5.4% .2% 16.0% 
400-599 Count 254 320 16 590 
% within Driver Count 17.6% 12.8% 4.1% 13.6% 
% of Total 5.9% 7.4% .4% 13.6% 
600-799 Count 151 377 21 549 
% within Driver Count 10.4% 15.1% 5.4% 12.7% 
% of Total 3.5% 8.7% .5% 12.7% 
800-999 Count 75 370 29 474 
% within Driver Count 5.2% 14.8% 7.5% 10.9% 
% of Total 1.7% 8.5% .7% 10.9% 
1000-1199 Count 38 317 49 404 
% within Driver Count 2.6% 12.7% 12.6% 9.3% 
% of Total .9% 7.3% 1.1% 9.3% 
1200-1399 Count 28 280 36 344 
% within Driver Count 1.9% 11.2% 9.3% 7.9% 
% of Total .6% 6.5% .8% 7.9% 
1400-1599 Count 17 174 36 227 
% within Driver Count 1.2% 7.0% 9.3% 5.2% 
% of Total .4% 4.0% .8% 5.2% 
1600-1799 Count 8 123 37 168 
% within Driver Count .6% 4.9% 9.5% 3.9% 
% of Total .2% 2.8% .9% 3.9% 
1800-1999 Count 6 71 40 117 
% within Driver Count .4% 2.8% 10.3% 2.7% 
% of Total .1% 1.6% .9% 2.7% 
2000 or More Count 27 153 112 292 
% within Driver Count 1.9% 6.1% 28.9% 6.7% 
% of Total .6% 3.5% 2.6% 6.7% 
Total Count 1447 2499 388 4334 
% within Driver Count 100.0% 100.0% 100.0% 100.0% 
% of Total 33.4% 57.7% 9.0% 100.0% 
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Table 11 Cross Tabulation Fuel Consumption VS Household Vehicle Count 
Fuel Consumption 
(gal)   
Household Vehicle Count 
Total 1 2 3 or More 
0-199 Count 457 20 0 477 
% within Household Vehicle Count 26.6% 1.0% 0.0% 11.0% 
% of Total 10.5% .5% 0.0% 11.0% 
200-399 Count 567 121 6 694 
% within Household Vehicle Count 33.0% 6.1% .9% 16.0% 
% of Total 13.1% 2.8% .1% 16.0% 
400-599 Count 326 258 6 590 
% within Household Vehicle Count 19.0% 13.0% .9% 13.6% 
% of Total 7.5% 6.0% .1% 13.6% 
600-799 Count 195 318 36 549 
% within Household Vehicle Count 11.4% 16.0% 5.7% 12.7% 
% of Total 4.5% 7.3% .8% 12.7% 
800-999 Count 84 342 48 474 
% within Household Vehicle Count 4.9% 17.2% 7.6% 10.9% 
% of Total 1.9% 7.9% 1.1% 10.9% 
1000-1199 Count 31 288 85 404 
% within Household Vehicle Count 1.8% 14.5% 13.4% 9.3% 
% of Total .7% 6.6% 2.0% 9.3% 
1200-1399 Count 20 240 84 344 
% within Household Vehicle Count 1.2% 12.1% 13.3% 7.9% 
% of Total .5% 5.5% 1.9% 7.9% 
1400-1599 Count 15 135 77 227 
% within Household Vehicle Count .9% 6.8% 12.2% 5.2% 
% of Total .3% 3.1% 1.8% 5.2% 
1600-1799 Count 6 101 61 168 
% within Household Vehicle Count .3% 5.1% 9.6% 3.9% 
% of Total .1% 2.3% 1.4% 3.9% 
1800-1999 Count 2 58 57 117 
% within Household Vehicle Count .1% 2.9% 9.0% 2.7% 
% of Total .0% 1.3% 1.3% 2.7% 
2000 or More Count 15 104 173 292 
% within Household Vehicle Count .9% 5.2% 27.3% 6.7% 
% of Total .3% 2.4% 4.0% 6.7% 
Total Count 1718 1985 633 4336 
% within Household Vehicle Count 100.0% 100.0% 100.0% 100.0% 
% of Total 39.6% 45.8% 14.6% 100.0% 
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CHAPTER 4 
METHODOLOGY 
After isolating the geographical region and cleaning up the data set to remove cases that 
may have had data missing from possibly significant variables, the next step was to bring all data 
up to the same resolution or level. As mentioned previously, the NHTS data is set up in four files 
or sample levels; household, person, vehicle and trip. Some of the variables of interest are 
located in different files and have different levels, which make them difficult to be used together 
directly in a model. A model at the most aggregate level, the household level, was chosen 
because this would give the most beneficial results since household variables with household 
characteristics were being considered for the model construction. Otherwise, the same household 
characteristics would be present to explain characteristics of multiple persons and vehicles of 
differing characteristics. In order to bring vehicle and person characteristics, such as age and 
number of each vehicle type, to a household level, averages, sums, indicators (dummy variables), 
minimums and maximums of variables at the person and vehicle levels were calculated and 
merged into the household file. Finally, these averages, sums, indicators, minimums and 
maximums were used as inputs to construct each model. 
After the data set was cleaned and filtered and all variables were brought to the 
household level, the next step was to determine which type of basic model would work best for 
predicting how much households would drive and how much fuel they would consume on an 
annual basis. Two different models were used to help construct the final model, namely ordinary 
least squares regression (OLS) and two-stage least squares regression (2SLS). Three model 
types were actually considered for the final model, which were three-stage least squares (3SLS), 
structural equations model (SEM) and seemingly unrelated regression (SUR). 
Ordinary least squares was used to determine which of the supposed variables would 
most likely be significant in the final model, for whichever model type was finally chosen. These 
variables included continuous and categorical variables. To appropriately use the categorical 
variables in the model, several dummy or indicator variables were created. Instead of having 
numerous possibilities, like a continuous or categorical variable, dummy variables are binary and 
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consist of only two possibilities – a zero or a one. For example, when creating the low income 
variable, households which fell into this category were given a one, while all other households, 
which did not fit the category, were given a zero.   All of the OLS models were estimated using 
the computer program SPSS (IBM, 2011a), specifically the linear regression option of the 
program. To do this, an OLS model was constructed using only one exogenous, or independent 
variable to predict each of the endogenous or dependent variables. The resulting r-squared and 
adjusted r-squared values or “goodness of fit” indicators were evaluated to indicate if the variable 
would likely be used in the final model, or should be tested in the final model. This step was 
completed separately for each suspected variable to predict each endogenous variable, namely 
annual household VMT and annual household fuel consumption. 
After it was determined which variables should probably be considered in building the 
models, the natural logarithm of the two endogenous variables, annual household VMT and fuel 
consumption were calculated. Since it is impossible for a household to drive a negative number of 
miles or consume a negative volume of gasoline, this transformation was performed to ensure 
that the resulting predicted values were always positive. Some OLS models were also calculated 
using these independent variables solely to compare with the other model types, which would be 
generated. The reason an OLS model was not considered for the final model is because two 
dependent variables were being predicted, and there was a suspected correlation between the 
two, and OLS models are inconsistent for systems of simultaneous equations (Torój, 2012). Thus 
a model, which would take this kind of correlation and system of simultaneous equations into 
account, was desired. 
The next model type that was considered was 2SLS. One of the vital assumptions with 
making an OLS model is that the errors in the dependent variable are uncorrelated with the 
independent variables. When this is not the case the OLS model does not represent the optimal 
model estimates (IBM, 2011b). One of the main differences between OLS and 2SLS models is 
that the 2SLS model uses what are called instrumental variables, which are uncorrelated with the 
error terms, to estimate the values of these problematic variables. Then, using those theoretical 
or calculated values, instead of the empirical values, the regression model for the dependent 
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variable is calculated (Torój, 2012). IBM (2011b) further explains, the use of the instrumental 
variables to estimate the other variables is the “first stage” and the calculation of the actual 
regression model is the “second stage.” Since the resulting model uses variables that are not 
correlated with the error term, the 2SLS model is optimal. The 2SLS models were also estimated 
using SPSS (IBM, 2011a). Two stage least squares models were not considered for the final 
model for the same reason OLS models were not considered. Two stage least squares models 
are used to predict only one endogenous variable, but since the final model will be used to predict 
two variables which were suspected to be correlated, it was supposed that a model which can 
predict two or more correlated variables at the same time should be used. Some 2SLS models 
were calculated solely to get an idea of which variables would work best as instrumental variables 
in the final model. 
After analyzing OLS and 2SLS models, and determining the significant independent 
variables and best instrumental variables, the most logical next step would be to consider a three 
stage least squares model to estimate two correlated dependent variables. All of the 3SLS 
models that were considered were constructed using the computer program NLOGIT (Greene, 
2003). Several structural equations models (SEM) were also constructed to see if that form of 
model would result in a better outcome than the 3SLS model. However, all of the SEM models 
that were built, had very large chi-squared values, which signified that they and were not 
significant, and therefore that type of model was not chosen. A SUR model was also considered 
and ultimately chosen. Checks were performed to substantiate this decision. First, the coefficients 
for the final SUR model were compared against the original data to ensure that they had the 
correct signs and followed predominant trends.  For example, in the VMT model, the low-income 
variable coefficient has a negative sign while the high-income variable coefficient has a positive 
sign.  The original data shows that as household income decreases, household VMT tends to 
decrease as well.  The opposite is also true; as household income increases, household VMT 
also increases.  Second the rho squared value, or the correlation coefficient was calculated to 
determine if the error terms of the endogenous variables, VMT and fuel consumption, were in fact 
positively correlated. Math Bits (2013) states that the rho squared value ranges from negative one 
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to one. The closer the value is to negative one signifies that there is a strong negative correlation 
between the error terms of two endogenous variables. The closer this value is to positive one 
means that there is a strong positive correlation between the error terms of two endogenous 
variables. The closer the rho-squared value is to zero means that there is little or no correlation 
between the error terms of two endogenous variables. It was calculated that for the final SUR 
model the correlation coefficient of the error terms was 0.97. This signifies that the error terms of 
the two endogenous variables, VMT and fuel consumption are correlated and the use of a SUR 
model was appropriate. This value was calculated using Equation 1 (Math Bits, 2013). 
 ! = ! !" − ! !! !! − ! ! ∙ ! !! − ! ! (1) 
 
The Durbin-Watson coefficient ranges from zero to four and helps to determine model 
autocorrelation. When it is close to zero it signifies that there is a positive autocorrelation. When 
the value is closer to four it indicates that there is a negative autocorrelation. When the value is 
close to two that means that there is little to no autocorrelation (Investopedia, 2013). The Durbin-
Watson values for both the VMT and the fuel consumption models are 1.98. This signifies that 
there is no autocorrelation in either model. Also, the coefficient of determination, or R2 value for 
each of the models is 0.58 and 0.53, which are high for using empirical data. 
Many of the variables that were listed in the literature review section, which were found to 
be significant for determining VMT, fuel consumption and vehicle type choice, were also found to 
be significant in the SUR model.  These variables included driver and worker count, household 
income, urban density, vehicle fuel efficiency, average household person age and vehicle age.  
What is interesting to note here is that for annual household VMT, race or ethnicity was shown to 
be significant in the case of the Black household indicator.  The model specification for annual 
household vehicle miles traveled and annual household fuel consumption can be found in Table 
12 and Table 13 respectively. 
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Table 12. SUR model specification for the natural log of annual household VMT 
Variable Coefficient T-stat 
Constant 5.90700055 47.062 
Driver count 0.20244074 9.892 
Worker count 0.04697024 2.929 
Low income - indicator -0.11024983 -4.361 
High income - indicator 0.07036993 2.814 
Housing unit density per square mile 1000 or more - indicator -0.11702931 -5.582 
Black household - indicator -0.09626611 -2.727 
Average household member age -0.00564622 -8.227 
Proportion of household members with a medical condition 
which limits their driving -0.09626611 -2.318 
Average fuel efficiency 0.25665044 29.669 
Average fuel efficiency squared -0.00368717 -22.116 
Household with zero sedans - indicator 0.17450974 6.892 
Household with zero pickup trucks - indicator -0.60541574 -24.631 
Household with two or more SUVs - indicator 0.63628998 23.447 
Household with two or more sedans - indicator 0.44149415 14.392 
Household with two or more vans - indicator 0.48133345 13.929 
 
Table 13. SUR model for the natural log of annual household fuel consumption 
Variable Coefficient T-stat 
Constant 4.13224175 33.039 
Driver count 0.20506324 10.063 
Worker count 0.04796852 3.004 
Low income - indicator -0.10777502 -4.28 
High income - indicator 0.07456163 2.994 
Average fuel efficiency 0.18235265 21.158 
Average fuel efficiency squared -0.00302315 -18.195 
Housing unit density per square mile 1000 or more - indicator -0.12039738 -5.767 
Average household member age -0.00574482 -8.407 
Proportion of household members with a medical condition 
which limits their driving -0.09275794 -2.243 
Average household vehicle age 0.0003278 1.694 
Proportion of household vehicles which are hybrids 0.02323831 2.525 
Number of household vehicles which run on diesel fuel 0.02890355 3.632 
Household with zero sedans - indicator 0.17830402 7.071 
Household with zero pickup trucks - indicator -0.59765889 -24.419 
Household with two or more SUVs - indicator 0.63116825 23.359 
Household with two or more sedans - indicator 0.41901427 13.716 
Household with two or more vans - indicator 0.46552291 13.529 
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It is notable that the T-statistics for all but one variable are significant.  The only variable 
with a low T-statistic was average household vehicle age.  This variable would normally have 
been dropped from the model, but it was thought that vehicle age was a significant determinant of 
vehicle fuel consumption.  Perhaps if the model had been at a vehicle level instead of a 
household level the variable would have had more significance. 
The household VMT model has a constant of 5.907, which equates to 367.6 miles; the 
household fuel consumption model has a constant of 4.132, which equates to 62.3 gallons. 
Theoretically these values should equate to something closer to zero because a household with 
no drivers or vehicles would not have any household vehicle VMT or fuel consumption.  However, 
the data set did not include any households with zero household vehicles, so having such a low 
constant for both VMT and fuel consumption is reasonable especially when compared to the 
averages and maximums for the data set.  
Most of the variable signs for the VMT model were intuitively positive or negative.  For 
example, variables such as driver count, worker count, high-income indicator and average vehicle 
fuel economy were all positive, whereas variables like housing unit density, average person age, 
low income indicator and proportion of household members who have a condition that limits their 
driving. It is interesting to note that the variables with the largest positive and negative coefficients 
were the indicator variables that describe the vehicle holdings of the household.  The largest 
positive coefficient belonged to the two or more SUVs indicator and the most negative coefficient 
belonged to the zero pickup trucks indicator, indicating that households with more SUVs will tend 
to drive more while households with no pickup trucks will tend to drive less. From largest to 
smallest, all of the vehicle holdings variable coefficients were in the same order as the average 
VMT of households corresponding to those characteristics. 
Most of the variable signs for the fuel consumption model were also intuitively positive or 
negative, as one might have expected.  For example, variables such as driver count, worker 
count, high-income indicator, vehicle age, proportion of hybrid vehicles, and average vehicle fuel 
economy were all positive, whereas variables like housing unit density, average person age, low 
income indicator and proportion of household members who have a condition that limits their 
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driving. Again, it is interesting to note that the variables with the largest positive and negative 
coefficients were the indicator variables that describe the vehicle holdings of the household.  The 
largest positive coefficient belonged to the two or more SUVs indicator and the most negative 
coefficient belonged to the zero pickup trucks indicator, indicating that households with more 
SUVs will tend to drive more while households with no pickup trucks will tend to drive less. From 
largest to smallest, all of the vehicle holdings variable coefficients were in the same order as the 
average VMT of households corresponding to those characteristics. 
Average fuel economy was expected to be significant in both models, but surprisingly 
average fuel economy squared was also found to be significant. Average fuel economy has a 
positive coefficient, while average fuel economy squared has a negative coefficient.  This 
suggests that after a certain average fuel economy households will actually start driving less and 
consume less fuel.  That may or may not be accurate, but it seems reasonable to assume that at 
some point an increase in fuel economy will not lead to an increase in VMT or fuel consumption. 
After the final models were determined they were used to predict VMT and fuel 
consumption under the different scenarios.  When this was done the predicted VMT and fuel 
consumption resulted in a large net increase and no VMT or fuel consumption savings resulted. A 
seemingly unrelated regression model is a type of linear model. Therefore, as a variable 
increases or decreases in the model, a proportional change in the output variable will occur. 
However, as stated previously, just because a household has a vehicle that would allow them to 
travel a greater distance with the same fuel consumption, or at the same travel cost, doesn’t 
necessarily mean that they will travel a substantially larger distance. A household will eventually 
reach a travel demand saturation point, after which they will not travel any more. To incorporate 
the idea of a saturation point some alterations had to be imposed on the model to better reflect a 
more real-world result. This was done, and a bounding analysis was completed based on two 
assumed saturation points.  The saturation point selection will be explained after an explanation 
of how the data was segregated for the analysis. 
The data set was segregated into nine groups based on household income level and 
household vehicle ownership. These segregation characteristics were chosen because it was 
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observed that distinct differences in travel demand occur within these groups. The income levels 
were low income (L), defined as less than $35,000, medium income (M), defined as $35,000 to 
less than $100,000 and high income (H), defined as $100,000 or more. The vehicle ownership 
levels were one vehicle (1), two vehicles (2) and three or more vehicles (3+). Therefore the final 
nine categories were L1, L2, L3+, M1, M2, M3+, H1, H2 and H3+. 
The two saturation points were not arbitrarily chosen, but were chosen to show some 
interesting phenomena within the data. The results of the analysis were very sensitive to the 
selection of the saturation point because it would put a limit on both VMT and fuel consumption 
for each household. If the saturation point were very low, then the total VMT and fuel 
consumption savings would be great. However, if the saturation point were very high, then the 
VMT and fuel consumption savings would be small or even nonexistent like what was observed 
originally when no saturation point was imposed. After the predicted values were calculated, the 
average predicted VMT and predicted fuel consumption of each of the nine groups explained 
above was found, and this value was taken as one of the saturation points, called AVG-SP for 
short, for that group in the model. This meant that if the model predicted a VMT value greater 
than the average for that group, the value was changed to be the average and this methodology 
was used to obtain the lower bound results for the analysis. 
The second saturation point was taken as the average plus one standard deviation, 
called +1SD-SP for short.  The same method as the AVG-SP was used to obtain the +1SD-SP, 
except the maximum allowable VMT or fuel consumption was changed to be the average plus 
one standard deviation instead of only the average.  This saturation point was used to get the 
upper bound for the analysis. 
It may seem peculiar to use the average predicted value for each group as a lower 
bound, since that essentially means getting rid of half of all of the predicted values. It may also 
seem odd to use only plus one standard deviation as an upper bound because that still means 
getting rid of approximately 16% of the predicted values. The reasoning behind this choice is 
when no saturation point was chosen, the induced travel demand because of vehicle 
improvements was astronomical and there was nowhere near any kind of VMT or fuel savings.  
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So the question was posed where would the saturation point need to be in order to experience a 
slight savings in VMT and fuel consumption?  As is explained further in the analysis section, this 
was around the average value. Also, since we already know a 99th percentile saturation point will 
not give any kind of savings at all, what kind of VMT and fuel consumption increases could be 
experienced by having a saturation point somewhere in the middle between the 50th and 100th 
percentiles? 
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CHAPTER 5 
SCENARIOS 
Vehicle miles traveled and fuel consumption, using the high and low bounds, were 
estimated using the final SUR model for several different scenarios. Then, by comparing these 
scenarios against the predicted original values from the data, a VMT, fuel consumption and 
emissions savings can be calculated. Five scenarios in total were evaluated. Three of these 
scenarios drastically altered vehicle fleet characteristics or usage patterns and estimated values 
under current conditions. These extreme cases were chosen to evaluate if even drastic changes 
in the vehicle fleet as a whole would result in a significant savings of any kind. The final two 
scenarios kept most vehicle characteristics and usage patterns constant, only changing fuel-
economy and proportion of hybrids in the vehicle fleet for projected values in the near future, and 
estimating outputs for the years 2016 and 2025. 
 
New Cars 
This scenario was chosen because, as stated previously, based on the 2009 NHTS data, 
on average, new vehicles from single vehicle households get about 5 miles per gallon better fuel-
economy than vehicles 10 years or older, but are driven almost 4,000 miles more and use over 
100 more gallons of gasoline in a year. Therefore, even though these vehicles can travel farther 
on one gallon of fuel, they are actually consuming more fuel than that used by much older 
vehicles. For this scenario vehicle type remained constant, but vehicle age for all vehicles 
became one. The fuel-economy for each vehicle was changed to the average fuel-economy of a 
new vehicle in the 2009 NHTS data set by vehicle type, car, van, SUV or pickup truck. Also, the 
proportion of new vehicle hybrids was found to be only 9.3% for 2009. Therefore, 9.3% of all the 
vehicles within the clean data set were randomly assigned as hybrid vehicles. 
 
Hybrid Vehicles 
This scenario was chosen because, as stated previously, today many vehicle 
manufacturers are producing normal gasoline and diesel vehicles, but are also designing hybrid 
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variations of the same cars and producing vehicle models that are only available as a hybrid. 
According to the 2009 NHTS data, on average, hybrid vehicles get 8.6 miles per gallon more than 
non-hybrid vehicles and, for single vehicle households, are driven less than 500 miles more and 
use over 50 gallons of gasoline less than non-hybrid vehicles. To set this scenario up all 
household vehicles were given the designation of being a hybrid vehicle. The fuel-economy and 
vehicle age of each vehicle was also changed to reflect that of an average hybrid from the 
appropriate vehicle class from the 2009 NHTS data set. 
 
Highest Fuel Economy Household Vehicle 
The previous two scenarios are not very realistic. To say that all households in even a 
small region will suddenly turn over their household vehicle fleet and replace it with a fleet of new 
cars or hybrids is pretty farfetched, but are still interesting to see the impacts of such decision 
making. A more down to earth and plausible scenario is having a household, for all of their trips, 
use only the vehicle with the highest fuel-economy they already own. This does not require a 
household to go out and purchase a new vehicle, but instead change their travel behavior and 
vehicle choice patterns. According to the 2009 NHTS data, on average, the household vehicle 
with the highest fuel-economy gets 7.3 miles per gallon more than other vehicles and already 
gets driven over 1,200 miles more a year, but consumes 74 fewer gallons of gasoline in a year. 
For this scenario, only characteristics of the vehicle with the highest fuel-economy were used as 
inputs for the model since this vehicle would be the only vehicle used by the household. 
 
CAFE 34.5 and 54.5 MPG  
As mentioned, the last two scenarios deal with future vehicle fleet characteristics. 
Because the methods for calculating values for both of these scenarios were the same, they have 
been grouped together for this explanation. The CAFE standards have been raised more than 
once in the past few years. These changes include and increase to 34.5 mpg by the year 2016 
and finally an increase to 54.4 mpg by the year 2025. Also mentioned previously, increasing fuel-
economy of vehicles would allow commuters to travel the same distances using less fuel. But it 
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has been shown that owning a newer, more technologically advanced vehicle would induce more 
travel. But the question is how much? Would there even be any VMT or fuel consumption 
savings? Several things had to be computed before vehicle characteristics could be modified for 
these two scenarios. The most obvious is fuel-economy; the fuel-economy of each vehicle was 
not being changed to 34.5 or 54.5 mpg for the two scenarios. This would be like the new car 
scenario, but in the future, with the vehicle age becoming one and the fuel-economy being much 
higher. Instead, the vehicle age of each vehicle would remain the same as in the original data. 
Therefore, some relationship between vehicle year and fuel-economy would need to be 
established. Using Microsoft Excel (Microsoft, 2011) the average fuel-economy versus vehicle 
year was plotted including the projected CAFE fuel-economy value for 2025 (Figure 4), and a 
third order relationship was found, (Equation 2). For both future scenarios this relationship was 
used to compute a future fuel-economy value. 
 
 
Figure 4. Future new vehicle fuel-efficiency values by vehicle year (MY 2025 = 1) 
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! = −0.001!! + 20.0981!! − 33438! + 56.985 (2) 
 
Another consideration that was taken into account for these scenarios was the proportion 
of hybrid vehicles. Once again, using Microsoft Excel (Microsoft, 2011), the proportion of hybrids 
versus year was plotted (Figure 5) and a linear relationship was used (Equation 3) to determine 
the proportion of vehicles for each vehicle year. Then, much like the hybrid scenario, the correct 
number of vehicles were randomly selected and given the designation of hybrid for each MY. 
 
 
Figure 5. Future proportion of hybrid vehicles by vehicle year (MY 2002 = 2) 
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CHAPTER 6 
RESULTS 
After generating the model, it was used to estimate the annual household VMT and fuel 
consumption based on the original household characteristics and the appropriate household, 
person and vehicle changes for each of the five scenarios described in the previous chapter. The 
result totals for each of these are shown as bar charts in Figures 6-8 on the following pages. Note 
that at the top of the bar is where the average saturation point values are shown and the top of 
the error bar is where the plus one standard deviation saturation point values are shown. Finally, 
the number in parentheses and next to the income and vehicle count category represents the 
number of cases for each income and vehicle ownership category.  A description of the total 
and/or average per household savings can be found in Tables 8-12. 
 
 
Figure 6. Annual household VMT by income group and vehicle count 
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Figure 7. Annual household fuel consumption by income group and vehicle count 
 
 
Figure 8. Annual household fuel cost by income group and vehicle count 
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Table 14. Annual average savings due to the new vehicle scenario 
 
Average Saturation Point 
+1 Standard Deviation 
Saturation Point 
Savings per 
Household 
Total 
Savings 
Savings per 
Household 
Total 
Savings 
VMT (miles) 0.1 590.8 -0.9 -3927.2 
Fuel Consumption 
(gallons) 0.02 107.5 0.01 56.1 
Fuel Cost ($) 0.08 338.0 0.04 176.4 
 
Table 15. Annual average savings due to the all hybrids scenario 
 
Average Saturation Point 
+1 Standard Deviation 
Saturation Point 
Savings per 
Household 
Total 
Savings 
Savings per 
Household 
Total 
Savings 
VMT (miles) 0.1 266.0 -1.4 -6196.1 
Fuel Consumption 
(gallons) 0.01 56.4 -0.02 -88.7 
Fuel Cost ($) 0.04 177.7 -0.06 -278.8 
 
Table 16. Annual average savings due to the most fuel efficient vehicle scenario 
 
Average Saturation Point 
+1 Standard Deviation 
Saturation Point 
Savings per 
Household 
Total 
Savings 
Savings per 
Household 
Total 
Savings 
VMT (miles) 0.6 2592.9 -0.1 -496.9 
Fuel Consumption 
(gallons) 0.03 129.9 0.01 42.3 
Fuel Cost ($) 0.09 408.8 0.03 133.5 
 
Table 17. Annual average savings due to the 34.5 MPG scenario 
 
Average Saturation Point 
+1 Standard Deviation 
Saturation Point 
Savings per 
Household 
Total 
Savings 
Savings per 
Household 
Total 
Savings 
VMT (miles) 0.1 528.5 -1.1 -4814.9 
Fuel Consumption 
(gallons) 0.01 45.4 -0.02 -104.3 
Fuel Cost ($) 0.03 143.2 -0.08 -328.1 
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Table 18. Annual average savings due to the 54.5 MPG scenario 
 
Average Saturation Point 
+1 Standard Deviation 
Saturation Point 
Savings per 
Household 
Total 
Savings 
Savings per 
Household 
Total 
Savings 
VMT (miles) 0.2 656.2 -1.3 -5475.3 
Fuel Consumption 
(gallons) 0.04 159.2 0.01 64.4 
Fuel Cost ($) 0.1 501.0 0.05 203.1 
 
 
 
 
  49 
CHAPTER 7 
ANALYSIS 
It is fairly evident from Figures 6-8 and Tables 8-12 that there is little VMT or fuel 
consumption savings when looking at the AVG-SP scheme and that there is no VMT savings and 
a seemingly insignificant fuel consumption savings when taking into account the +1SD-SP 
scheme. It is interesting to note that the highest fuel-economy household vehicle scenario, which 
is one of the, if not, the most probable scenario, is consistently the best performing scenario for 
VMT savings. It is consistently one of the better scenarios for fuel consumption savings as well.  
There is almost no change in VMT or fuel consumption for single vehicle households; it is 
only when you look at the +1SD-SP scheme that there is a large increase. Within this group, the 
55mpg scenario has the lowest fuel consumption. This seems to make sense since the 55mpg 
scenario would have the highest fuel-economy for these households, and thus, with the 
introduction of a saturation point, result in the lowest fuel consumption.  It is also the lowest fuel 
consumption scenario for almost every income and household vehicle count group, and is the 
lowest for the average case.  All of the scenarios at the AVG-SP for VMT, except for the highest 
fuel-economy household vehicle scenario, were roughly around the same magnitude as the 
existing conditions.  The +1SD-SP scheme put most of these scenarios well above the existing 
conditions.  This seems to conclude, coupled with the research previously mentioned, that the 
idea of induced travel demand is valid.  The exploration into a more representative saturation 
point for the income and household vehicle count groups would help narrow the upper and lower 
bounds, which were used in this analysis, and result in a more definitive set of results.  
Fuel cost at the average saturation point was not above the existing conditions for any of 
the scenarios. Only when imposing the +1SD-SP scheme does fuel cost rise above the existing 
conditions mark.  It is compelling to note that, using the +1SD-SP scheme, it is household vehicle 
count, and not household income, which seems to have a larger significance on fuel consumption 
and in turn fuel cost.  It can be seen that as income increases and household vehicle count 
remain constant, total fuel cost at this saturation point level increases slightly, but not to a large 
degree.  However, as income remains constant and household vehicle count increases, the cost 
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seem to increase almost exponentially. This tends to make sense since households with multiple 
vehicles usually own them for a specific purpose; for example, having a vehicle for all household 
workers so that they can go to work whenever their shift starts.  Thus fuel consumption for 
households with more vehicles would increase more quickly. 
The SUR model that was developed and used for this study did not take into account 
factors such as increased congestion and travel time or increased travel cost due to the 
increased travel demand for each scenario. Attitudes and perceptions were also not used since 
these kinds of variables are not available in the 2009 NHTS data set. Also, alterations or changes 
in trip route were not taken into account for this study. If variables such as these existed in the 
data set they would most likely be significant in the model. Taking these factors into account 
would most likely alter the final results, but in all likelihood not to the extent to change the overall 
outcomes and conclusions. 
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CHAPTER 8 
CONCLUSION 
This research endeavored to discover if vehicle type shifting at a household level alone 
would be enough to cause significant reductions in VMT, fuel consumption and cost, and vehicle 
emissions in a region. If the naïve approach were used, which would hold VMT constant and 
calculate fuel consumption, and in turn fuel cost and emissions based on changes in vehicle 
characteristics, it can be seen in Figures 12 and 13 that there would be a significant potential 
savings for all of the scenarios considered. However, this approach does not take into account 
the concept of induced demand, which states that as the cost of travel is reduced, people will 
tend to travel more until some saturation point is reached. As shown in this research, when 
induced travel demand is taken into account, the hypothetical savings of the naïve approach 
disappear, and, when considering the +1SD-SP scheme, actually cause an increase in VMT and 
fuel consumption in many of the scenarios. 
 
 
Figure 9. Annual household fuel consumption for the naïve case 
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Figure 10. Annual household fuel cost for the naïve case 
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several of these kinds of measures, and through research such as this, drivers can be 
encouraged to drive less, find more financially and environmentally friendly ways to travel, and to 
become educated on how their travel decisions affect the world around them. 
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